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Abstract 25 The complex microbial ecosystem within the bovine rumen plays a crucial role in host nutrition, 26 health, and environmental impact. However, little is known about the interactions between the 27 functional entities within the system, which dictates the community structure and functional 28 dynamics and host physiology. With the advancements in high-throughput sequencing and 29 mathematical modeling, in silico genome-scale metabolic analysis promises to expand our 30 understanding of the metabolic interplay in the community. In an attempt to understand the 31 interactions between microbial species and the phages inside rumen, a genome-scale metabolic 32 modeling approach was utilized by using key members in the rumen microbiome (a bacteroidete, 33 a firmicute, and an archaeon) and the viral phages associated with them. Individual microbial 34 host models were integrated into a community model using multi-level mathematical 35 frameworks. An elaborate and heuristics-based computational procedure was employed to 36 predict previously-unknown interactions involving the transfer of fatty acids, vitamins, 37 coenzymes, amino acids, and sugars among the community members. While some of these 38 interactions could be inferred by the available multi-omic datasets, our proposed method 39 provides a systemic understanding of why these occur and how these affect the dynamics in a 40 complex microbial ecosystem. To elucidate the functional role of the virome on the microbiome, 41 local alignment search was used to identify the metabolic functions of the viruses associated with 42 the hosts. The incorporation these functions demonstrated the role of viral auxiliary metabolic 43 genes in relaxing the metabolic bottlenecks in the microbial hosts and complementing the inter-44 species interactions. Finally, a comparative statistical analysis of different biologically 45
Introduction 54 Within the ruminant species, the microbial community has co-evolved with its host and has 55 helped the host animal obtain energy from low quality fiber rich diets (Hungate, 1975; Hobson, 56 1988; Henderson et al., 2015) . The feed ingested by the ruminant animal undergoes extensive 57 microbial digestion and fermentation in the cattle rumen, producing a range of short chain fatty 58 acids (SCFAs) and energy for the host, and also releases methane, hydrogen, and carbon di-oxide 59 to the atmosphere (Nocek and Russell, 1988) . This anaerobic environment is densely (>10 10 -10 11 60 cells/g of contents) populated by diverse and interdependent species of Bacteria, Protozoa, 61
Fungi, Archaea and Viruses, which are involved in breakdown of complex carbohydrates and 62 polymers from plants, hydrogen transfer, and inter-species transaction of fermentation products 63 and of oligomers and monomers (Bryant and Burkey, 1953 The complex interactions between bacterial host and viral phages associated with them drive the 89 ecological dynamics and behavior in many natural systems (Lenski, 1988 We developed a simplified and representative rumen community metabolic model with 158
Ruminococcus flavefaciens, Prevotella ruminicola, and Methanobrevibacter gottschalkii as 159
representative organisms from the three major functional guilds in the rumen ecosystem (i.e., 160
Firmicutes, Bacteroidetes, and Archaea, respectively) mentioned above. These three organisms 161 are responsible for fiber digestion, starch and protein digestion, and methane production, 162
respectively. We reconstructed the draft models for each of these species by using the 163
ModelSEED database ( Overall, these findings support the hypothesis that viral AMGs play a crucial role in enhancing 190 host fitness and robustness. We also studied the effect of using different community-level 191 objective functions (i.e., growth, short-chain fatty acids production, plant feed utilization, 192 greenhouse gas release, and small sugar molecule production) on the metabolic capacity of the 193 community members. We found that the flux ranges of the microbial species are robust 194 irrespective of the choice of a community objective. Hence, maximizing the community biomass 195 is a rational choice since a stable community in the rumen needs to survive and grow at a 196 reasonable rate to perform its necessary role in host nutrition and pathophysiology despite 197 constant washout events like fecal secretion. 198 199 200
Results

201
Genome-scale models of R. flavefaciens, P. ruminicola, and M. gottschalkii 202
Three genome-scale metabolic models of representative organisms of the rumen microbiome 203
were reconstructed for P. ruminicola, R. flavefaciens, and M. gottschalkii using the Modelseed 204 database (Henry et al., 2010) . This was followed by manual editing, refinements and further 205 curation of the models. The draft reconstructions contained network gaps and 3-25% of reactions 206 with chemical imbalances. One of them (R. flavefaciens) had thermodynamically inconsistent 207 production of redox cofactors, which warranted an extensive manual curation to be performed on 208 the models (see methods section for details). The manual curation steps ensured that there is no 209 chemical or charge imbalance present in the models. The numbers of reactions that carries 210 unrealistically high fluxes without any nutrient uptake (thus defined as reactions with unbounded 211 fluxes) also decreased substantially (79% for R. flavefaciens, 79% for P. ruminicola, and 50% 212 for M. gottschalkii). The rest of the unbounded reactions from the nucleotide degradation 213 pathways were not fixed since they do not critically affect the biological significance of the 214 models and are usually common in existing metabolic models (Fritzemeier et al., 2017) . The 215 initial manual curation process reconnected a number of blocked reactions in the models, which 216 will be addressed in the subsequent sections. The reconciliation of cofactor inconsistency in R. 217 flavefaciens model was performed by removing spurious duplicate reactions that caused 218 unlimited ATP generation, thereby ensuring that all models are energetically consistent. The 219 summary of model statistics before and after the manual curation are shown in Table 1 . 220
Supplementary Materials 1-3 contain the details of the microorganism models. 221 222
Metabolic interactions in the microbial community 223
Individual metabolic models of the three species were integrated into an interacting community 224 framework. This in silico community model was simulated at the growth condition estimated for 225 a standard-sized domestic cow (see details in methods section). The simulated community 226 biomass flux (0.513 h -1 ) is comparable to the experimentally observed values of passage/dilution 227 rates in the rumen (Goetsch and Galyean, 1982; Tellier et al., 2004) , which varied between 0.043 228 h -1 to 1.0 h -1 depending on dietary regimen and other factors. Dilution rate or passage rate of 229 ruminal content is defined as the rate at which the digesta leaves a compartment in the gut (in 230 this case, rumen) (Goetsch and Galyean, 1982; Tellier et al., 2004) . It is important that the rumen 231 microbiome growth rate (the community biomass flux) is within the margin of experimentally 232 observed dilution rate because a stable community needs to survive and grow at a reasonable rate 233
to perform its necessary role in host nutrition and pathophysiology despite constant washout 234 events like fecal secretion. The extent and directionalities of the major metabolic exchanges in 235 the community is shown in Figure 1 . Complex plant carbohydrates and proteins are utilized by R. 236 flavefaciens and P. ruminicola, and the short-chain fatty acids (SCFAs) are absorbed by the 237 rumen epithelium. M. gottschalkii accepts hydrogen, formate, carbon di-oxide from the other two 238 members, and produces methane, which is released to the atmosphere. It should be noted that all 239 the metabolic transaction may not be active in all physiological condition of the community. 240
When optimizing for the overall community biomass, the flux distribution (such as the flux space 241
for shared metabolites shown in Figure 1 ) is shaped in a way that optimizes the production of 242 biomass and not for other carbon molecules like short-chain fatty acids or small sugars. At the 243 same time, when optimizing for other community objectives like production of SCFAs, some of 244 the inactive fluxes including these metabolic transactions can become active. A comparative 245 analysis of the effect of different community objective functions is presented in subsequent 246
sections. 247 248
De novo interactions 249
The broad range of metabolic capabilities of different microorganisms in the rumen ecosystem is 250
indicative of numerous inter-species interactions in both metabolic, signaling, and regulatory 251 level. While the major functions of Bacteroides, Firmicutes and Archaea, and the interplay 252 between them is commonly known (Hungate, 1975; Wolin, 1979 knowledge is only partial. As described in the methods section, a detailed step-by-step procedure 255
was employed that identified 22 potential metabolic transactions. The identified de novo 256
interactions are shown in Figure 2 . In addition to the transfer of sugar monomers from R. 257 flavefaciens to P. ruminicola, a number of co-enzymes and vitamins were found to be exchanged 258 between M. gottschalkii and other members. Model statistics after filling the gaps using the 259
GapFind-GapFill algorithms are shown in Table 2 . 260 261
The GapFill optimization procedure was repeated after the metabolic functions from the viruses 262
were incorporated into the metabolic models of each of the microbes. Among the 22 identified de 263 novo interactions as mentioned earlier, 20 were retained upon gap filling after adding these 264 virome functionalities. The reaction fluxes that had changed their range by at least one standard deviation were 277 considered at this stage. Overall, all the reactions that had a changed flux distribution were 278 relaxed in AMG-amended models compared to the post-gapfilled models. Figure 3 illustrates the 279 change of flux space upon addition of viral AMGs. 280 281
Variability of the metabolic fluxes under different community objective functions 282
The metabolic spaces of the community members were assessed under different community 283 objective functions after viral AMGs were added to the host models. To simulate different 284 functions of the rumen microbial community, i.e., i) growth, ii) SCFA production, iii) feed 285 utilization, iv) methane and carbon-di-oxide release, and v) small sugar molecule production, the 286 appropriate community-level objective functions were chosen and optimized for (see Figure 4A  287 for details). Statistical analysis was performed to investigate the deviation of flux ranges under 288 these five objective functions. Approximately 44%, 18%, and 6% of the reactions from R. 289 flavefaciens, P. ruminicola, and M. gottschalkii models, respectively, had non-zero standard 290 deviation among their flux ranges in these conditions (See Supplementary Material 5 for details). 291
However, under these five objective functions, the variation of flux distributions across the three 292 community members was very small (with average standard deviation of 0.0001 and the range 293 between 0 and 0.68). As representatives of the corresponding flux spaces, Figure 4B 
Discussion
302
Individual model performance and community interactions 303
The reconstructed and curated genome-scale metabolic models of P. ruminicola, R. flavefaciens, 304
and M. gottschalkii were evaluated for fitness and species-specific metabolic capacities. Each of 305 the metabolic models were simulated for growth and energy production at the growth condition 306 estimated for a standard-sized domestic cow (see methods The representative community successfully captured most of the known metabolic interactions 318
with the three functional guilds of microbes, as is evident from the flux values of the shared 319 metabolites (Figure 1 ). While each of the community members were tested for known metabolic 320 contribution in the community, a community simulation with total biomass as the biological 321 objective rendered some of the metabolic transactions inactive. For example, even though the 322 production of succinate and propionate by R. flavefaciens and P. ruminicola were validated, the 323 maximization of community biomass did not drive the production of those SCFAs for growth. It 324 should be noted that despite both P. ruminicola and M. gottschalkii being known and tested in 325 silico for carbon di-oxide production in rumen, the community simulated showed that only P. 326
ruminicola produced all the carbon di-oxide that was released from the rumen. This shows that 327 metabolic exchanges can have separate dynamics based on community fitness criteria set during 328 the optimization process. 329 330
Insight into de novo community interactions 331
The predicted interactions between R. flavefaciens and P. ruminicola include the transfer of 332 various small sugar monomers and fatty acids (as shown in Figure 2 ). These interactions are 333 highly warranted given the metabolic functions each of these organisms perform (Wallace, 334 1992;Nagaraja, 2016). Both of these cellulolytic organisms contribute towards breakdown of 335 complex plant material and the production of SCFAs and small sugar molecules for the host and observed, which was not reported before the current study. These roles suggest that 363
Methanobrevibacter is a major player in the rumen ecosystem and warrants further studies on its 364 role in specificity and efficiency of bacterial digestion in rumen. 365 366
Relaxation of metabolic bottlenecks in presence of viral auxiliary metabolic genes 367
The addition of Auxiliary Metabolic Genes (AMGs) from the viruses associated with each of the 368 host community members had profound impact on shifting and relaxing the flux spaces in the 369 host organisms. As seen in Fig. 3 only add some additional metabolic functions to host but also complement and relax some key 377 pathways that drive the fitness of the host. In P. ruminicola, 25 reactions were relaxed after 378 virome related AMGs were added, compared to the gap-filled model. The pathways that were 379 relaxed due to viral metabolic genes are folate biosynthesis, energy production, cofactor 380 synthesis, and glycogen synthesis, which are important for boosting the energy production in the 381 microbes and the generation of reducing power. It has also been previously hypothesized that 382
these gottschalkii even without the support of sugars from R. flavefaciens. The ability to maintain 407 species fitness without these interactions leads to better community fitness in situations when 408 these interactions are threatened (e.g., antibiotic treatment). 409 410
Robust community behavior under different community objectives 411
Although living organisms have evolved to maximize their survival in varying environments, it 412 is difficult to assess the primary driver of the flux distributions of primary metabolism (Burgard 413 and Maranas, 2003a) . Disagreement is prevalent among the scientific community as to whether 414 metabolic flux in a network is distributed to satisfy optimal biomass production, maximum 415 energy generation, or most efficient utilization of substrates. It is especially true for a naturally 416
occurring microbial community such as the rumen ecosystem in which thousands of microbial, 417 viral, fungal, and archaeal species co-evolved with different metabolic functions and interplay 418 among one another. Therefore, maximizing community biomass may not always be the best 419 choice for an objective function. However, choosing the best community objective is not as 420 straightforward as it seems. With that in mind, the variation of flux ranges under different 421 community objective functions was studied. From Figure 4 (also Supplementary Material 5) , it is 422 observed that the choice of a community objective has negligible effect while simulating the 423 possible metabolic capacities (flux space) of the community members. While there have been 424 attempts at optimizing a number of different objective functions for prokaryotic microorganisms, 425 optimizing for growth often seems realistic for both eukaryotic and prokaryotic organisms 426 (Burgard and Maranas, 2003a) . Due to the lack of knowledge about the overall goal of the rumen 427 community, maximizing community biomass is a logical choice, given that a stable community 428 in the rumen needs to survive and grow at a reasonable rate to perform its necessary role in host 429 nutrition and pathophysiology despite constant washout events like fecal secretion. 430 431
Moving ahead: challenges and future prospects 432
In summary, we developed a workflow to elucidate novel interactions between participating 433 members of a complex community and its phages. Our in silico predictions of metabolite 434 exchange between three members of rumen microbiome agrees with the current knowledgebase 435 about their metabolic functionalities and roles in the rumen ecosystem and also with recently 436 published multi-omics datasets. We also identified possible viral auxiliary metabolic genes 437 associated with the three members in our community that reinforced their metabolic capacities 438 and help in relaxing several bottlenecks in the metabolic network models. This was manifested 439 by the enhancement of reaction fluxes in important metabolic pathways in the models and the 440 metabolic robustness achieved by the microbes. Our community metabolic model serves to 441 discover unidentified metabolite transactions and answer key ecological questions of ruminant 442 nutrition through virome-microbiome interactions, while promising to address important 443 biological aspects of ruminant nutrition and greenhouse emission. The development of additional 444 bioinformatics tools, advancement in high-throughput sequencing technologies and cultivation-445 independent 'omics' approaches may drive further development of new mathematical 446 frameworks for analyzing rumen ecosystems. In vitro cell culture systems and in situ 447 experimentation of simplified microbial, viral, and fungal communities in gnotobiotic bovine 448 rumen to capture spatiotemporal community dynamics will enhance our analyzing power to a 449 greater extent. Therefore, what we need is a combination of computational and experimental 450 efforts to enrich the current knowledgebase regarding in situ metabolic and taxonomic profiling, 451 species identification and characterization, annotation, and advanced tools to accommodate for 452 large-scale data analysis and integration, which will bring success in deciphering the complexity 453 of this ecosystem. 454 455 456
Methods
457
Model reconstructions and refinements 458 Here, I and J are the sets of metabolites and reactions in the metabolic model, respectively. S ij is 470 the stoichiometric coefficient of metabolite i in reaction j and v j is the flux value of reaction j. 471
Parameters LB j and UB j denote the minimum and maximum allowable fluxes for reaction j, 472
respectively. v biomass is the flux of the biomass reaction which mimics the cellular growth yield. 473 474
Curation of metabolic models 475
Correcting reaction imbalances: For balancing the reactions imbalanced in protons, we checked 476 for the protonation state consistent with the reaction set in the draft model and performed 477 addition/deletion of one or multiple protons on either the reactant or the product side. For the 478 remaining imbalanced reactions, we corrected the reaction stoichiometry in order to ensure that 479 the atoms on both sides of the reactions balance out. 480 481
Identifying and eliminating thermodynamically Infeasible Cycles: One of the limitations of 482 constraint-based genome-scale models is that the mass balance constraints only describe the net 483 accumulation or consumption of metabolites, without restricting the individual reaction fluxes. 484
While biochemical conversion cycles like TCA cycle or urea cycle are ubiquitous in a metabolic 485 network model, there can be cycles which do not consume or produce any metabolite. Therefore, 486
the overall thermodynamic driving force of these cycles are zero, implying that no net flux can 487 flow around this cycle (Schellenberger et al., 2011) . To identify Thermodynamically Infeasible 488 Cycles in our model, we turned off all the nutrient uptakes to the cell and used an optimization 489 formulation called Flux Variability Analysis (FVA) which maximizes and minimizes each of the 490 reaction fluxes subject to mass balance constraints (Mahadevan and Schilling, 2003 (3) 502 503
Ensuring known metabolic functions: Each of the three metabolic models were checked for the 504 capacity to produce biomass and metabolites they were known to produce ( genes between any pair of organisms were found to be orthologous and amending the models did 513 not result in an increase in the number of thermodynamically infeasible cycles. 514 515 516
Community formation and simulation 517
Once the individual microbe models were curated, they were integrated to form a community 518 model using existing optimization framework, namely OptCom . 519
In this bi-level multi-objective optimization framework, the individual flux balance analysis 520 problems for each community member are treated as inner-level optimization problem, and the 521 community objective is optimized for in the outer-level problem. the total uptake and export of the shared metabolite i by community members, respectively. 531
These constraints are the key equations for modeling the known metabolic interactions among 532 participants of the community. When further information on de novo interaction became 533 available, they were also incorporated using these outer-level constraints. Incorporating the 534 known interaction in the community, a rumen ecosystem for a 1000 lb cow using the three-535 member simplified community was simulated. presence in taxonomically related organisms (with prioritizing organisms in the same lower 572 taxonomic levels), and whether the solution created thermodynamically infeasible cycles, and 573
finally that solution was either accepted or rejected. Similarly, for a gap filling suggestion 574 coming from another member in the community, the same sets of checks were performed, and 575 the solution was either accepted or rejected. However, for these gap filling suggestions, if the 576 solution was a transport mechanism and the target organism was known to have a transport 577 mechanism as per the current knowledgebases (Ren et al., 2007) , it was concluded to be a de 578
novo identification of a potential interaction that exists in the community. It should be noted that 579
for each transport reaction, strong bioinformatic evidence or clear orthologue of experimentally 580 characterized transporter in a closely related organism was ensured before it was accepted as a 581 gapfill solution. When the individual metabolic models for each of the microbes were augmented 582 with viral AMGs, the interaction identification procedure (shown in Figure 6 ) was repeated to 583 compare the shifts in inter-species interactions. Therefore, the gapfiling procedure and the 584 protocol described above served two very important steps in the model curation process by 585
bridging network gaps as well as identifying possible metabolic interactions between organisms. 586 587 588 
Figure legends
